The estrogen receptor a (ERa) regulates gene expression by either direct binding to estrogen response elements or indirect tethering to other transcription factors on promoter targets. To identify these promoter sequences, we conducted a genome-wide screening with a novel microarray technique called ChIP-on-chip. A set of 70 candidate ERa loci were identified and the corresponding promoter sequences were analyzed by statistical pattern recognition and comparative genomics approaches. We found mouse counterparts for 63 of these loci and classified 42 (67%) as direct ERa targets using classification and regression tree (CART) statistical model, which involves position weight matrix and human-mouse sequence similarity scores as model parameters. The remaining genes were considered to be indirect targets. To validate this computational prediction, we conducted an additional ChIP-on-chip assay that identified acetylated chromatin components in active ERa promoters. Of the 27 loci upregulated in an ERa-positive breast cancer cell line, 20 having mouse counterparts were correctly predicted by CART. This integrated approach, therefore, sets a paradigm in which the iterative process of model refinement and experimental verification will continue until an accurate prediction of promoter target sequences is derived.
INTRODUCTION
Recent completion of human and mouse genome sequences and accumulation of an increasing number of gene annotations have made it possible for bioinformaticians to develop new approaches that help experimental researchers tackle biological problems. To fully understand the regulation of transcription by estrogen receptors (ER) a and b, members of the nuclear receptor superfamily, computational approaches capable of integrating vast amounts of complex genomic data are needed. ERs mediate estrogen signaling, primarily by 17b-estradiol, in various target tissues, including reproductive, bone, cardiovascular and the central nervous system (1) . Estrogens and ERs also play important roles in breast cancer genesis and progression (2) , and tumor ER status is a critical determinant in breast cancer patients to elucidate response to adjuvant treatment with endocrine agents (2) . Thus, a better understanding of ERs may lead to advances in both normal physiology and disease states, which requires in-depth understanding of the spectrum of genes regulated by ERs in different tissues and cell types.
ERs function as ligand-inducible transcription factors (TFs) that either up-or down-regulate transcription of various target genes by binding to specific estrogen response elements (EREs) or interacting with other TFs, such as SP1, nuclear factor-kB or AP1 (3) (4) (5) (6) . Both processes result in recruitment of co-activators and components of RNA polymerase II that initiate gene transcription (3) . The ERE consensus sequence, an inverted repeat of the sequence (GGTCA) separated by 3 bp, rarely occurs in nature (7); however, the imperfect ERE (GGTCANNNTNNCY) and ERE half-site (AGGTCA) are widely accepted as alternative binding sites (8) (9) (10) (11) . Binding to different ERE sequences alters the conformation of ER, allowing interaction with co-activators in a cell-type and DNA context-dependent manner (12) (13) (14) (15) . Although the interaction between ERs and EREs is under intense investigation (10, 11) , few studies have utilized the vast amount of genomic data available in the post-genome era. Thus, the development of a systematic computational approach not only contributes significantly to ongoing research in the characteristics of ER binding, but also allows for a better understanding of its functional connections in a cell.
Computational tools widely used to identify TF binding sites include MATCH (16) and MSCAN (17) . However, due to lack of experimental verification, these tools are prone to false predictions. Consequently, there is a need to facilitate interactions between computational and experimental scientists who conduct integrated research for the identification of TF binding sites.
In this study, we combined a systematic computational approach and microarray-based ChIP-on-chip for the genome-wide identification of ERa target genes. Our computational approach entailed the development of a classification and regression tree (CART) model and the implementation of OMGProm (18), a comparative genomics database for the analysis of human/mouse orthologous promoters. A dataset containing 70 ERa candidate loci was created by the ChIPon-chip screening of $9000 putative GC-rich promoter sequences (19) . A CART model was built to predict ERa promoter sequences and experimentally re-verified by ChIPon-chip using a small ERa genomic microarray panel.
MATERIALS AND METHODS

Promoter sequence retrieval
The orthologous promoter sequences, corresponding attributes and annotation data were stored in a relational database, OMGProm, recently developed in our laboratory (18) (http://bioinformatics.med.ohio-state.edu/OMGProm). The OMGProm data were obtained via an efficient data mining pipeline, which collected experimentally substantiated full-length mRNA/5 0 -untraslated regions, first exons and promoters from GenBank, dbEST, RefSeq and Ensembl. A 5 0 flanking region of 2 kb upstream to 1 kb downstream of the transcription start site (TSS) was designated as an ERa promoter sequence, since most of the experimentally known EREs are located within these regions (10) .
Computational approaches to identify EREs and other binding sites
We used human-mouse orthologous promoters in OMGProm to map the 46 experimentally known EREs within 38 target genes. An ERE position weight matrix (ERE_PWM) was then constructed by using the TRANSFAC position weight matrix [TRANSFAC_PWM (20) ] procedure, as shown in Supplementary Table 1 . A computational program, ConScan, was developed in Perl and C languages to scan for conserved putative EREs in the ClustalW (21) sequence alignments of human-mouse orthologous promoters in the OMGProm database. Each predicted ERE had scores for five parameters: (i) human core score, (ii) human PWM score (iii) mouse core score, (iv) mouse PWM core score and (v) sequence similarity score of 13 bp ERE in the sequence alignment. The core score and PWM score, ranging from 0 to 1, reflect the closeness of predicted sites to the half-site and perfect ERE consensus sequences.
The other (non-ERE) TF binding sites were analyzed by the MATCH (16) program, using the PWMs from TRANSFAC database (20) . For a given gene, we scanned both human and mouse orthologous promoters for all the 290 TF binding sites corresponding to known human TFs using 'minFN_good71.prf' profile (profile of cut-off values with minimum number of false-negative predictions) of MATCH. If the sequence similarity of the binding motif is >60% in the ClustalW (21) sequence alignment, a predicted binding site is considered as conserved. Those binding sites that fall within the range (À220 to +220 bp) of a predicted ERE were further used in the CART analyses.
CART
CART (22) analysis was employed to develop a classification model for separating ERa targets from non-targets. The approach is an advanced data-mining tool for tree-structured non-parametric data analysis, based on binary recursive partitioning methodology (22) . It partitions data into discrete classes using the value of a user-defined classification variable (e.g. target = 1 and non-target = 0) and computation-intensive searching and testing techniques to identify useful tree structures of data. CART selects the predictor variables in the data, depending on whether they provide a segregation of the data between different values of the classification variable. The 'Gini' method was selected as the splitting method for growing the tree, and the 10-fold cross validation method was used to obtain the minimal tree.
In our analysis, the CART procedure was divided into two phases. In the first phase, a CART model (model 1) was constructed to identify cut-off values for five parameters of ConScan program on two sets of promoters: ERa target promoters in ERTargetDB (see Results) and promoters of housekeeping genes (non-ERa targets). The determined cut-off values of parameters were used as predictor variables for model 1 to classify ERa targets from non-ERa targets. Only those promoters that had EREs predicted by this phase (in both targets and non-targets) were considered as a learning sample for the next phase of CART model (model 2).
In the second phase (model 2), we used ERE sequences predicted by ConScan and other TF binding sites predicted by MATCH as predictor variables. Each binding site was considered as a binary variable, such that it was either 1 or 0, depending on its presence within a À220 bp to +220 bp region of a predicted ERE (by model 1). All possible overrepresented TF binding sites from the learning samples were first identified using model 2. Subsequently, these sites were used to construct a decision tree, with TF binding sites as the final categorical predictor variables for classifying ERa targets from non-ERa targets. Our analysis was performed on the commercially available CART software (Salford Systems, San Diego, CA).
ChIP-on-chip
The ERa-positive breast cancer cell line, MCF-7, was maintained in culture under conditions, as we have described previously (23) . The cells (1 · 10 7 cells/well) were treated with 17b-estradiol (10 nM) for 24 h. The cells were then crosslinked with 1% formaldehyde, and cell nuclei were isolated as described previously (24) . Isolated protein-DNA complexes were sonicated to generate smaller chromatin fragments ($500 bp). These chromatin fragments were then immunoprecipitated by an ERa antibody (Upstate) and treated with proteinase K (38 mg/ml) to reverse the cross-linked complexes. The purified genomic DNA fragments were labeled with the fluorescence dye Cy5 and then hybridized with microarray slides containing $9000 GC-rich genomic sequences. These sequences had previously been shown to be preferentially located at the 5 0 ends of genes (25) . Standard hybridization and post-hybridization washing procedures, originally developed by DeRisi, were followed (http://www.microarrays.org). Microarray slides were scanned with the GenePix 4000A scanner (Axon), and the acquired images were analyzed with the software GenePix Pro 4.0. The average ratio of signal intensities of known repeat sequences was used as a normalization factor. Normalized ratios (>2) above preimmune sera counterparts were considered to be ERa-positive loci. Individual sequences were determined by a standard sequencing method using flanking primers corresponding to vector sequences.
ERa target promoter microarray
A small panel of 70 ERa promoter sequences was spotted in triplicate on microarray slides. Repeat sequences were also arrayed as negative controls. A ChIP-on-chip assay was developed to determine the histone acetylation status of these 70 loci. The presence of acetylated histone 3 (AcH3) components in the promoter region is typically associated with actively transcribed genes (26) . The AcH3 antibody (Upstate Catalog no.06-942) was used to immunoprecipitate chromatin from the ER+ (MCF-7) and ERÀ (MDA-MB-231) cells. The processed chromatin DNA was labeled with Cy5 dye and hybridized together with the total input (labeled with Cy3) onto a microarray slide. Normalized AcH3 Cy5/Cy3 ratios of these loci were calculated using GenePix Pro 4.0. A paired t-test was used to compare these ratios for MCF-7 and MDA-MB-231 cells.
RESULTS
Database of mammalian ERa promoters
In order to model the ERE and associated TF binding sites, we first constructed a database for mammalian ERa target promoters (ERTargetDB; http://bioinformatics.med.ohio-state. edu/ERTargetDB). ERTargetDB consists of 38 ERa targets for human, mouse and rat, with annotation of 46 EREs experimentally confirmed by individual laboratories. Other related TF binding sites and their TSSs are included. Of these 46 sequences, only 4 (9%) have perfect palindromic EREs and 37 (80%) have at least one perfect half-site, while the remaining sequences contain imperfect EREs (defined as mismatches to the consensus sequence). After we identified orthologous counterparts for all 38 genes (human for mouse/ rat; mouse for human), we found that 41 (89%) of 46 EREs were conserved in human and mouse/rat (sequence similarity score >0.6 in ClustalW sequence alignments).
CART model for target classification
The 46 experimentally verified EREs and a set of 340 housekeeping gene promoters (i.e. non-targets) (27) were used to generate CART model 1. The cut-off values derived by model 1 for the five parameters of ConScan program were human core score >0.8, human PWM score >0.8, mouse core score >0.7, mouse PWM score >0.7 and sequence similarity score of the predicted ERE >0.6. After applying these cut-off values, 42 of 48 EREs, and 97 of 340 housekeeping genes, were predicted to have at least a putative ERE by the ConScan program. Of the 42 EREs, only 27 were unique, i.e. occurring in only one species. These were combined with the 97 housekeeping genes and used as the learning sample for CART model 2. The main purpose of model 2 was to discriminate ER target promoters from non-targets, although both promoters seemed to have contained at lease one ERE. A sequence length of 453 bp was trained by CART model 2 (À220 to +220 bp region surrounding the predicted ERE in both targets and housekeeping genes in the learning sample). TF binding sites, including EREs, were used as predictor variables in this model. The results showed that 32 TF binding sites were over-represented in the ERa target promoters, compared with those of the housekeeping gene promoters, with at least 20% of presence in the targets. A decision tree was constructed based on the 32 TF binding sites, and the 'Gini' method was used to obtain a minimal tree. Figure 1 illustrates a decision tree representation of CART model 2 for the minimal tree. The most discriminative feature distinguishing ERa targets from non-ERa targets for the learning sample of 124 genes was the presence of a MYOGENIN (AGCAGGTG) binding site within the 453 bp sequence around ERE. In the absence of MYOGENIN, the presence of DBP (TTTTGCT), AP1 (GCTGCGTCAGC) or GATA3 (TCCTATCGC) binding sites, but not USF2 (CAGGTG), indicated that the corresponding gene was an ERa target. Misclassification errors of the CART model by class can be found in Table 1 . The classification accuracy of the minimal tree was 96%, as estimated by minimal cost of the tree. Furthermore, the model correctly predicted 96% of ERa targets and 45% of non-ERa targets. The combinatorial theory of gene activation by transcription factors states that many transcription factors act together to mediate target gene activation. The close spacing of binding sites in a promoter sequence suggests that either similar proteins promote cooperative binding or dissimilar proteins provoke competition for binding sites (28) . Accordingly, the identification of the putative conserved binding sites in the different ERa targets may help discover other proteins that are involved in the ERa signaling pathway. Therefore, we classified ERa targets into four modules of combinatorial control (Supplementary Figure 1) , based on the discovery of overrepresented TF binding sites identified by CART, Module 1: ERE+MYOGENIN (the presence of both ERE and MYOGENIN); Module 2: ERE+DBPÀUSF2 (the presence of ERE and DBP but the absence of USF2); Module 3: ERE+AP1ÀUSF2 (the presence of ERE and AP1 but the absence of USF2); and Module 4: ERE+GATA3ÀUSF2 (the presence of ERE and GATA3 but the absence of USF2). The list of target promoters that are predicted to have these different modules are presented in Supplementary Table 2.
ERa targets identified by ChIP-on-chip
A set of 70 putative ERa target candidate loci, identified by ChIP-on-chip, were mapped to the human genome by BLAT (29) . Of the 70 loci, 63 corresponded to known genes with GenBank accession ID numbers (30) and seven were pseudo genes, as predicted by Genescan (31) and FirstEF (32) . All 63 known genes have mouse counterparts, and their promoter sequences can be retrieved from the OMGProm database (Table 2) . When the previously built CART model was applied to the 63 genes, 42 candidates fit the model and were thus considered to be ERa target genes (shown in row 2, Table  3 ). Among these 42 ERa target genes identified by CART, 12 (28.5%) were classified into Module 1, 17 (40.5%) were classified into Module 2, 6 (14.3%) were classified into Module 3 and 7 (16.7%) were classified into Module 4.
Comparison of CART model with other programs
The quality of our CART model was further assessed by testing it on three different datasets. Dataset 1 consisted of 46 experimentally verified EREs in 38 ERa target genes. Dataset 2 contained a set of 63 ERa candidate target genes, identified by ChIP-on-chip. Dataset 3 included 8124 promoters from the entire OMGProm database. In addition, these datasets were tested using other approaches, such as a perfect palindrome (GGTCAnnnTGACC) search, a perfect half-site (GGTCA) search, ERE_PWM and TRANSFAC_PWM. Results of these comparisons can be found in Table 3 . In all three datasets, the TRANSFAC_PWM predicted the highest rate of putative EREs. The lowest prediction rate was for a perfect Table 2 for a list of classified genes).
Using ERa promoter microarrays to validate computational predictions
To validate the prediction results from CART, we performed another ChIP-on-chip experiment, this time using a small microarray panel of the aforementioned 70 ERa putative targets. The AcH3 antibody was used to assess binding of AcH3 components to these promoters and thus identify actively transcribed genes in ERa-positive MCF-7 and ERa-negative MDA-MB-231 cells. After treatment with E2, the number of 'active' promoters was greater (P < 0.0001) in MCF-7 (27/70 loci) compared with MDA-MB-231 cells (0/70 loci) Figure 2C and Table 2 ; an asterisk indicates active promoters). Our CART model correctly assigned 20 of these 27 loci to known genes, 2 loci to the same gene (MGC40455 and KIAA0182), and 6 loci to 7 pseudo genes. The 27 loci most likely represent genes up-regulated by ERa in MCF-7 cells, and the 43 'inactive' promoters presumably correspond to genes either down-regulated after E2 treatment or indirect target loci.
Identification of over-represented motifs prevalent in promoter regions of ERa targets
In order to identify novel motifs in ERa targets, we used the program MEME to search the promoter regions of À220 to +220 bp surrounding the ERE on the both strands for a dataset which consists of 35 experimentally confirmed ERa targets and 42 ERa target candidates from ChIP-on-chip. MEME uses position-dependent letter-probability matrices to represent motifs and describe the probability of each possible letter at each position in the pattern. After the 10 most significant motifs were found by this method, we then examined them by the TRANSFAC database and assigned the possible motifs corresponding to the binding site motifs in the database. A list of 10 consensus motifs, frequency of each motif occurring in the dataset, possible corresponding TFs are presented in Table 4 . Of these motifs, Motif 6 was assigned to ERE halfsite, Motif 2 was a Sp1 binding motif and Motif 5 was considered as a GC-rich box. We were also able to identify 2 novel motifs, Motifs 7 and 10, which did not match any known motif in the TRANSFAC database. It was not surprising to identify the ERE half-site and SP1 motifs, since most promoter sequences are GC-rich and include a consensus ERE half-site.
DISCUSSION
In this study, an integrated computational genomics approach was developed to identify ERa target promoters from ChIPon-chip data. CART, a robust statistical method to select learning samples from two individual sets of loci, was used to differentiate ERa targets from non-ERa, housekeeping genes. The key phases of this approach were (i) the CART model construction phase, including a PWM built from a set of experimentally confirmed EREs; (ii) the model test phase, using a set of potential ERa targets from a genomic array; and (iii) the validation phase, using a small microarray panel of ERa targets to confirm the results in two different breast cancer cell lines, one positive for ERa signaling and the other negative. Although several studies have recently focused on either motif identification by ChIP-on-chip (33) or a computational approach to search consensus EREs (10), to our knowledge, this is the first study that combines a robust statistical model with a genomic microarray approach to systematically identify ERa target promoters.
The methodology of comparative genomics has recently been adopted by computational biologists to study transcriptional regulation of genes. However, the lack of publicly available, comprehensive databases for orthologous promoter sequences has hindered the application of comparative genomics to the transcriptional regulation field. Here, we have taken advantage of a unique orthologous database, OMGProm (18) , and further tested it using CART. As indicated earlier, we defined a set of parameters for our ERE_PWM and then determined their cut-off values for CART model 1. Compared with the TRANSFAC_PWM, without using counterpart species, our ERE_PWM dramatically reduced the false-positive rate in the entire OMGProm database (from 96 to 29% in 8124 promoters). In addition, compared with ERE_PWM, our CART model further reduced false-positive rates from 96 to 21% for an entire OMGProm database. The results of the comparison between TRANSFAC_PWM and ERE_PWM further suggest that the source of the data used to build the PWM may play an important role in predictive rates. For example, binding sequences from more than four species (including chicken, human, mouse and rat) were used to construct The consensus of the ERE palindrome (GGTCAnnnTGACC). d The transcriptional factor of ER for both human and mouse was identified by our approach. Mouse orthologous counterpart was shown if available.
TRANSFAC_PWM, whereas ERE_PWM was based on human, mouse and rat sequences only. An advantage of CART is its ability to classify data with highly nonlinear structures, such as our ERa data. Although CART accurately predicted 96% of the experimentally confirmed ERa target genes, it performed poorly on the housekeeping gene data set. Housekeeping genes are constitutively expressed and play a role in most basic cellular functions. The conservation of percent identity between orthologous pairs of human and mouse or human and rat is >60%.
We and others routinely use housekeeping genes as internal controls in experimental assays. However, not all housekeeping genes have been confirmed experimentally as being nonERa target genes, and any binding of ERa to these gene promoters could contribute to background noise and the misclassification rate observed in our model. To resolve this issue will require additional experimental investigation. ChIP-on-chip provides strong in vivo evidence of direct binding of a specific protein complex to DNA (34) . This technique differs markedly from the gene expression microarray, which has been used to investigate non-ERa mediated, E2-induced gene expression. For example, ER-independent regulation of fork genes by E2, through E2F, has been reported (35) . After previously the analysis of ChIP-on-chip data in yeast, Kato et al. (36) proposed three types of interactions between a TF and its binding site on DNA: (i) direct binding (TF binds to specific binding motif); (ii) piggy-back binding (TF binds to another TF which is already bound to a specific motif); or (iii) cross-binding (TF binds its specific binding site on DNA but can interact with another TF bound to its specific motif). These three types of interactions have also been shown to apply to ERs, such as pS2 [directing binding (37) , Interleukin-6 [piggy-back binding (38) ] and Thymidylaste synthase [cross-binding (39) ].
In the present study, we discovered four modules that can be used not only to classify ERa targets from non-ERa targets, but also to explore the possible combinatorial control of different TFs in different tissues. Based on many studies, there is slight doubt that module 3 (ERE+AP1) is one of the three most common indirect tethering models [(40) and references therein]; however, at this time, we lack the experimental results necessary to prove the other three modules proposed in this study. However, regarding the other modules, Orimo et al. (41) reported that vascular smooth muscle cells possess ERa and respond to estrogen, supporting the idea that estrogen may directly influence vascular cells through ERa. Speir et al. (42) also demonstrated the interaction and reciprocal interference of ER with p65, the NF-kappaB component, in ER-positive smooth muscle cells. Based on the discovery of those modules, we speculate that TFs may act together to build fully operational complexes on promoters, perhaps in a tissue specific manner. Unfortunately, due to the fact that the frequency of SP1 in both the training dataset and the control housekeeping gene dataset are very close (77.8 and 78.4%, respectively), our CART model failed to identify the combination of ERE and SP1. In contrast, the MEME was able to identify two novel motifs, ERE half-site and SP1 binding site. A comparison of the motifs identified by our model with the ab initio motifs discovery program, MEME, suggests that either method has its own advantages and disadvantages. MEME can detect novel motifs and our model is able to classify the targets by the motifs we identified. Combination of two methods will enable us to provide a powerful and functionally known set of motifs for the experimentally confirmed data and our ChIP-on-chip assay data.
Recently, Bourdeau et al. (10) identified 660 conserved EREs corresponding to 1% of total EREs in the flanking regions (À10 to +5 kb) of both the human and mouse genomes, by using a search criterion of ERE consensus palindrome sequence that allowed for a maximum of two mismatches. It was argued that a PWM-based approach would produce too many false predictions. Indeed, a search of the OMGProm database for conserved EREs based on TRANSFAC_PWM approach found 96% promoters as ER targets (Table 3) , most of which probably are false predictions. In order to reduce the false-positive predictions and predict as many true ER targets as possible, we utilized the combinatorial association of ERE with other TF binding sites in the ER target promoters by CART analysis. Our CART model predicted 21% of OMGProm promoters as ERa target genes. The ERE_PWM we constructed is quite consistent with the matrices used in the study by Hansen and co-workers (11), who suggested that ER can cooperate with other TFs to bind to a half-site ERE or the consensus ERE can actually be more divergent and thus facilitate ER binding.
The important contributions of the present study to the study of transcriptional regulation networks are as follows: (i) we have developed a strategy or blueprint for the analysis of the regulation of transcription, not just a simple computational tool; (ii) the approach we have established and tested on the ChIP-on-chip microarray data, combined with the methodology of comparative genomics, provides deeper insight into the ChIP-on-chip data and contributes toward a better understanding of how the data from this new microarray technology can affect the accuracy of results; (iii) although our approach has been designed to analyze ERa target genes, it can easily be extended to the systematic study of other TFs. For instance, we have successfully used our CART model to analyze C/EBP, another important TF in breast cancer (data not shown). In conclusion, we believe that the modules discovered in this study and the ERTargetDB are novel integrated information resources for characterizing ER binding and studying transcriptional regulation of ER target genes. 
